Human controls dozens of muscles for di®erent hand postures in a coordinated manner. Such coordination is referred to as a postural synergy. Postural synergy has enabled an anthropomorphic robotic hand with many actuators to be applied as a prosthetic hand and controlled by two to three channels of biological signals. Principle component analysis (PCA) of the hand postures has become a popular way to extract the postural synergies. However, relatively big errors are often produced while the hand postures are reconstructed using these PCA-synthesized synergies due to the linearity nature of this method. This paper presents a comparative study in which the postural synergies are synthesized using both linear and nonlinear methods. Speci¯cally, the Gaussian process (GP) latent variable model (GPLVM), as a nonlinear dimension reduction method, is implemented to produce nonlinear postural synergies and the hand postures can then be reconstructed from the two-dimensional synergy plane. Computational and experimental veri¯cations show that the posture reconstruction errors are greatly reduced using this nonlinear method. The results suggest that the use of nonlinear postural synergies should be considered while applying a dexterous robotic hand as prosthesis. Versatile hand postures could be formed via only two channels of bio-signals.
Introduction
E®orts have been continuously made to improve the construction of an anthropomorphic prosthetic hand. Such a hand is expected to be versatile for daily tasks and 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41 controllable through a low-bandwidth bio-signal interface, such as electro-myography (EMG) or electro-encephalography (EEG). The paradox between hand dexterity and control simplicity was recently tackled utilizing the concept of postural synergy. Postural synergy originally refers to the coupled°exion and/or extension of a group of muscles. 1 Human central nervous system (CNS) controls dozens of hand muscles for di®erent postures through combining several postural synergies. Combination of two primary postural synergies accounts for about 84% of the variance of many grasping postures. 2 The postural synergy provides a continuous interpretation of hand motion atlas that was previously described by discrete grasp taxonomy. [3] [4] [5] [6] Dexterous control of a multi-degree of freedom (DoF) robotic hand (e.g., the existing state-of-the-art ones [7] [8] [9] ) could be conveniently achieved via two to three postural synergies. Using two to three sensors (e.g., EMG sensors) to sense an amputee's intention and provide inputs to the postural synergies, the aforementioned multi-DoF robotic hands could be applied as prostheses. Several designs have demonstrated this idea, such as the DLR II Hand, 10 the SAH hand, 11 the UB hand, 12 the ACT hand, 13, 14 the First Hand 15 and the DEXMART hand 16 with two to three synergies for the control of 12 to 24 actuators.
When two to three postural synergies are used to control dozens of actuators, the synergies are implemented digitally in the controller. It is also possible to implement the postural synergies mechanically. Namely the motion inputs from two actuators are transferred to all the hand joints through a complicated mechanical transmission unit. Such a mechanical implementation of the postural synergy has been realized using di®erential pulleys, [17] [18] [19] [20] planetary gears 21, 22 and continuum mechanisms. 23 These mechanical synergy-based designs enriched the designs of underactuated prosthetic hands, such as the existing state-of-the-art ones. [24] [25] [26] [27] The postural synergies are usually extracted from a set of hand postures using the principle component analysis (PCA) and then implemented digitally or mechanically. These linear postural synergies are also referred to as eigengrasps or eigenpostures. 28, 29 Due to the linearity nature of this method, reconstruction errors are often relatively big when the¯rst two to three postural synergies are used to reproduce a grasp, since people often use¯ve to six postural synergies for grasp formations and¯ne posture adjustments. Although it is possible to optimize the synergy inputs to form stable grasps of various objects using two postural synergies, 29 it is still worth exploring alternative methods that encode more posture information in a two-dimensional synergy space.
Gaussian process latent variable model (GPLVM), as a nonlinear method of dimension reduction, was recently used to quantitatively evaluate a human hand's motion capability 30 as well as plan a grasp. 31 Inspired by these results, this paper proposes to apply the GPLVM method to synthesize nonlinear postural synergies for the control of a multi-DoF prosthetic hand. The method is then compared to the PCA-based linear method to demonstrate the e®ectiveness of both methods.
The positions and orientations of the¯nger tips were recorded as the observed data in the published studies, 30, 31 but this paper proposes to use the joint values as the observed data due to their direct correspondence in realizing hand postures.
Contributions of this paper mainly lie on the simulative and experimental examinations of hand pose reconstruction errors via the postural synergies generated using the PCA-based linear method and the GPLVM-based nonlinear method. Minor contributions also include the setup of a 13-DoF anthropomorphic prosthetic hand and the collection of a comprehensive set of hand postures (not only grasps but also hand postures for gesture signs). The results suggest that the use of nonlinear postural synergies should be considered while applying a multi-DoF dexterous robotic hand as prosthesis, since versatile hand postures could be reconstructed more precisely via only two channels of bio-signals.
The paper is organized as follows. Section 2 presents the construction of the 13-DoF prosthetic hand and the collection of hand postures. Postural synergy synthesis using the PCA-based linear method and the GPLVM-based nonlinear method is presented in Sec. 3. Section 4 reports the numerical and actual experiments that compare the reconstruction errors of the hand postures that are reproduced using the linear and the nonlinear postural synergies. Conclusions are then summarized in Sec. 5.
Construction of a 13-DoF Prosthetic Hand and Collection of the Postures
An anthropomorphic prosthetic hand was designed and constructed as shown in Fig. 1(a) . The joints are denoted as follows. Letters T , I , M , R and L before the underscore indicate the joints for the thumb, the index, the middle, the ring and the little¯ngers, respectively. Abbreviations of rot, mcp, ip, abd, pip and dip after 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43 Postural Synergy Synthesis using Linear and Nonlinear Methods
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the underscore indicate the rotation, the metacarpophalangeal, the interphalangeal, the abduction, the proximal and the distal interphalangeal joints, respectively. In total the hand has 19 joints: the T ip, T mcp, T abd and T rot joints for the thumb; the dip, pip and mcp joints for the four¯ngers; and the abd joints for the index, the ring and the little¯ngers.
For all the ip joints (including the dip and pip joints) and the mcp joints, zero values are de¯ned as they reach their full extensions whereas positive values are de¯ned for°exion motions. For all the abd joints, positive values are de¯ned in their abduction motions. Positive value of the T rot joint is de¯ned in its opposition motion. Motion ranges of the hand joints are then summarized in Table 1 .
The prosthetic hand itself in Fig. 1 was also used in a previous study 22 for mechanical posture synergies. As shown in Fig. 2 (b), 13 miniature servomotors are used and programmed here to drive the hand so as to form the experimental setup in this paper. The construction of the hand is hence only brie°y summarized. The actuation scheme of the thumb is shown in Fig. 1(b) . A°exible shaft is connected to a planetary gearhead (with a gear ratio of 18.17:1) to drive the T rot joint. Another°exible shaft is connected to a worm to drive a worm gear and then the T abd joint. Two more°e xible shafts are connected to two pairs of worms and gears to drive the T mcp and the T ip joints via two gear trains and a coupler. The gear (Gear 3) has 28 teeth whereas the pinion (Gear 1) has 18 teeth with a module of 0.5. An idler gear was added to change the rotation direction of Gear 3. Gear 1 is attached to the worm gear. Gear 3 is attached to the thumb's proximal phalanx to drive the T mcp joint or to a coupler to drive the T ip joint. All worms and gears in the hand have a gear ratio of 20:1.
Since the actuation of the index, the middle, the ring and the little¯ngers is similar, only the structure of the middle¯nger is shown in Fig. 1(c) . Two°exible shafts are connected to two pairs of worms and gears. One worm gear is attached to the proximal phalanx to drive the M mcp joint. The other worm gear is attached to Coupler 1 and Coupler 2 to drive the M pip and the M dip joints. Similar designs could be found in Ref. 32 . The coupling between the M pip and the M dip joints is close to 1:1. As shown in Fig. 1(d) , a plate cam is translated to realize coupled abduction motions of the index, the ring and the little¯ngers. The cam is actuated by a miniature ball screw with a diameter of 6 mm and a lead of 2 mm. Motion axes of the abd joints intersect with those of the mcp joints.
Thirteen miniature servomotors are connected to 13°exible shafts to drive the hand, as shown in Fig. 2(a) . The motors are Maxon A-max 16 (1.2 watts) with gearhead (GP 16A, 29:1) and encoders (MEnc 13, 16 CPT). The servomotors are controlled under a real-time operating system generated by the xPC module of MATLAB. Other control hardwares include the LSC 30/2 ampli¯ers (Maxon), the PCL727 D/A cards (AdvanTech), the CNT32-8M counter cards (ConTec) and an Intel x86 platform workstation.
Hand movements are commanded in the hand's actuator space. A desktop PC is used to generate the actuator trajectories and the trajectories are sent to the control workstation via user datagram protocol (UDP) for execution. Postural Synergy Synthesis using Linear and Nonlinear Methods
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The hand was then commanded for various postures and signs as shown in Fig. 2 . Three sets of hand postures were collected.
. The¯rst set (Set-1) consists of the grasping postures for 15 daily-life objects, including 1. a CD, 2. a cup, 3. a coca can, 4. a spray can, 5. a phone, 6. a°at bottle, 7. a box, 8. a book, 9. a tennis ball, 10. a jar, 11. a golf ball, 12. a drug bottle, 13. a pen, 14. a credit card and 15. a screwdriver. The posture #14 is similar to the grasp for a key while the posture #15 is similar to the grasp for a tooth brush. The set is partially shown in Fig. 2(b) . . The second set (Set-2) includes six key postures for an in-hand manipulation task.
The proposed manipulation paradigm is to rotate two rehabilitation training balls as shown in Fig. 2(c) . This exercise could help maintain or recover hand motor functions. It might seem worthless for amputees but the motivation here is to simply use this example to verify the e®ectiveness of synergy-based control for dissimilar hand postures. This ball-rotating motion was achieved via using these six postures with mechanical postural synergies in a previous study.
22
. The third set (Set-3) includes 10 gesture signs, including 1. one, 2. two, 3. three, 4. four, 5.¯ve, 6. six, 7. seven, 8. eight, 9. nine and 10. zero. The set is partially shown in Fig. 2(d) . The gesture P16 designates \one", while the gesture P17 designates \two" and the gesture P18 designates \six". This set consists of hand postures often with the joints at the upper or lower limits. Table 1 . The motivation of collecting the three sets of hand postures is to gradually reveal the motion capabilities of a human hand. The¯rst set only ful¯lls basic daily needs of an amputee. A healthy human hand has motion capabilities way beyond these grasping postures. As shown in previous studies 2, 33 and demonstrated by the experiments in Sec. 4.1, these postures in the Set-1 can be reproduced adequately using two linear postural synergies.
The second set is an example of in-hand manipulation. Hand postures for grasping and in-hand manipulation could be considered dissimilar in a sense that the postural synergies extracted from Set-2 cannot e®ectively reproduce grasps for daily-life objects. 22 A human hand certainly is capable for many di®erent in-hand manipulation tasks. It will be shown later in this paper that even the inclusion of one set of such dissimilar postures will prevent hand postures from being e®ectively reproduced by two linear postural synergies.
The third set shows additional examples of a human hand's motion capabilities. Nonlinear postural synergies could regenerate these postures much better than the linear postural synergies under the same synergy dimensions.
Motion ranges and joint angles of the hand under various hand postures are summarized in Table 1 . The postures are designated consistently in Fig. 2 and Table 1 . Table 1 only shows the I abd joint angle since the R abd and the L abd joint angles are coupled to that of the I abd joint due to the coupling as shown in Fig. 1(d) .
Postural Synergy Synthesis
With the hand postures collected as in Sec. 2, this section presents a linear and a nonlinear method for the postural synergy synthesis.
Postural synergy synthesis was directly carried out from the postures of the prosthetic hand from Fig. 2 . This approach avoids the unnecessarily complex procedures of recording and analyzing human hand motions using a complicated system (e.g., CyberGlove TM ). It provides direct posture results for synergy synthesis. Similar approaches could be found in previous studies. 10, 22 As mentioned in Sec. 2, the prosthetic hand is driven by 13 servomotors. The hand posture space (it is also referred to as the observed data space) is hence a thirteendimensional one. Speci¯cally, Sec. 3.1 presents the PCA-based linear method for postural synergy synthesis where the posture space is reduced to a two-dimensional linear synergy space. Section 3.2 presents the GPLVM-based nonlinear method to reduce the posture space (the data space) to a two-dimensional latent space. The lower-dimensional spaces (namely the synergy space and the latent space) are called di®erently to di®erentiate one from the other.
Synthesis via linear dimension reduction
The PCA-based linear method for the postural synergy synthesis essentially applies singular value decomposition (SVD) to a posture matrix assembled from the observed data to extract a set of principal components as the postural synergies. For N observed hand postures, let D denote the dimension of the data space which is the number of independent joint angles of the prosthetic hand. Then a posture matrix J could be formed by putting the hand posture vectors side by side.
where j 2 < DÂ1 is a hand posture vector. D is 13 due to the fact that 13 independent servomotor inputs are needed to drive the prosthetic hand. Representative values of j could be seen as columns in Table 1 . In the rest of this paper, hand postures will all be expressed using the joint angles, in order to avoid complicating the paper with the transmission ratios in the worm and gears, planetary gears, ball screws, etc. Applying SVD to the posture matrix leads to the results below.
. . . ; ð2Þ
where J ¼ ½ j j Á Á Á j is the average posture matrix and j corresponds to a posture that all the joints in the hand are at the middle points of their motion ranges.
If the singular values m (m ! 3Þ are neglected, the posture matrix can be approximated as in Eq. (3) such that each hand posture can be approximated as in Eq. (4).J
is the matrix of the synergy inputs.
Vectors u 1 and u 2 are hence referred to as the postural synergies, while q 1i and q 2i are the synergy inputs. These postural synergies are also referred to as eigengrasps or eigenpostures. 28, 29 They are actually two linear bases of the hand posture space. Via this linear method of dimension reduction, the posture matrix J 2 < 13ÂN is mapped to the synergy matrix Q 2 < 2ÂN . Now, various hand postures could be formed by linearly combining the two postural synergies.
Obviously there are joint errors when a hand posture is reproduced using the postural synergies. Posture error vectors can then be de¯ned as below 
Synthesis via nonlinear dimension reduction
The PCA-based linear method for the postural synergy synthesis is e®ective in dealing with similar hand postures (e.g., the postures in Set-1). When dissimilar hand postures are included, such a linear method becomes less su±cient. This section presents a nonlinear method for the synergy synthesis. The experimental results in Sec. 4 would show the e®ectiveness of this nonlinear method.
Gaussian process latent variable models
The nonlinear method for the synergy synthesis is essentially a nonlinear dimension reduction technique that reduces the dimension of the hand posture space from 13 to 2. The adopted nonlinear method is the GPLVM due to its proven e®ectiveness for similar problems in previous studies. 30, 34 For N hand postures, the posture matrix J 2 < DÂN from Eq. (1) is still used for the sake of consistency. A latent matrix X ¼ ½x 1 x 2 Á Á Á x N 2 < 2ÂN is expected after the nonlinear dimension reduction. A di®erent symbol X for the latent matrix is used to di®erentiate the synergy matrix Q from the results obtained using the linear method. A hand posture j i 2 < DÂ1 could then be represented by the latent vector x i 2 < 2Â1 in the latent space
The basic idea is to use GPLVM to construct a nonlinear mapping f as in Eq. (6).
where j ¼ 1 N P N i¼1 j i is the average posture vector and " $ N ð0; white IÞ is an item for additive Gaussian noise.
The generative mapping f is assumed to be a Gaussian process (GP) prior. A di®erent de¯nition of the average posture j is used here because the GP is assumed to have a zero mean function. Hence the derivation below mainly deals with the covariance function.
Then the likelihood of the centered posture matrix j $ ¼ J À J with respect to the mapping could be formulated as in Eq. (7). Since the structure of the mapping is unknown, the mapping f should be marginalized for the marginal likelihood as in Eq. (8) . According to the derivations detailed in previous studies, 34 Eq. (8) could be integrated to an explicit form as in Eq. (9) .
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The probability in Eq. (9) is calculated as the product of D independent GP. Each GP is responsible for one dimension of the hand posture space (data space). The covariance matrix K 2 < N ÂN in Eq. (9) adopts the form of a radial basis function (RBF) kernel with bias bias and white noise white . Its element in the mth row and nth column is given by Eq. (10) .
where mn is the Kronecker delta function. The marginal likelihood pðJ $ Þ as in Eq. (9) shall be maximized to¯nd x i in X and the parameters ( r , r , bias and white Þ of the covariance function kðx m ; x n Þ.
Back constraints
It is desired for a nonlinear mapping to preserve the locality. Namely, nearby points in the data space are expected to remain close in the latent space. However, the optimization of the marginal likelihood pðJ $ Þ from Eq. (9) does not guarantee the locality even though it does generate a smooth mapping.
It is possible to introduce some modi¯cations to the formulation to preserve the locality and this is referred to as a back-constrained GPLVM method. 35 The modication involves replacing the elements of the latent matrix X as in Eq. (11), where k bc ðj n ; j t Þ is the back-constraint kernel and it has an RBF form as in Eq. (12) . The parameter bc is for the kernel width and it a®ects how well the locality is to be preserved.
In this back-constrained GPLVM formulation, the marginal likelihood pðJ $ Þ as in Eq. (9) is to be maximized with respect to the coe±cients a mt as in Eq. (11) . When the maximization terminates, the latent matrix X would be obtained according to Eq. (11).
Implementation and visualization
Unlike the straightforward implementation of the linear method, the implementation and the visualization of this nonlinear GPLVM method might need a bit more elaboration.
Given the posture matrix J 2 < DÂN and with the back-constrained GPLVM procedure implemented, the marginal likelihood pðJ $ Þ as in Eq. (9) is maximized with respect to the coe±cients a mt (m ¼ 1; 2 and t ¼ 1; 2; . . . ; N Þ with the parameters initialized at r ¼ r ¼ 1 and bias ¼ white ¼ e À1 . When the maximization terminates, the latent variable x i in X would be obtained according to Eq. (11). The parameters ( r , r , bias , white and bc Þ are for the covariance functions kðx m ; x n Þ and k bc ðj m ; j n Þ as in Eqs. (10) and (12)
The scaled conjugate gradient optimization algorithm 36 was used to obtain the maxima of the marginal likelihood pðJ $ Þ. The number of iterations is set to 500 when the algorithm was implemented in MATLAB.
On the latent plane as shown in Fig. 4 , any point x Ã in the latent space (even for the points x i obtained from the maximization of the marginal likelihood) could be mapped to a point j Ã in the hand posture space (data space) as in Eq. (13) .
where K is the covariance matrix as in Eq. (9) generated using the latent variables x i ; k Ã 2 < N Â1 is a vector of covariance as in Eq. (14) with kðx i ; x Ã Þ speci¯ed according to Eq. (10).
Even with the nonlinear postural synergies, the original hand postures j i are still reproduced with some errors that could be quanti¯ed as in Eq. (15) .
where j Ã ðx i Þ is obtained according to Eq. (13) using x i for x Ã . Each point x Ã in the latent place is correlated to the latent points x i obtained from the maximization of the marginal likelihood. The variance which could be calculated according to Eq. (16) is hence visualized as the point's gray scale as in Fig. 4 .
where kðx Ã ; x Ã Þ is calculated using Eq. (10).
Numerical and Experimental Reconstruction of the Hand Postures
With the linear and the nonlinear methods for postural synergy synthesis formulated in Sec. 3, this section demonstrates the e®ectiveness of these methods through numerical simulations and experimental veri¯cations.
Numerical reconstruction of hand postures
When the posture synergies are synthesized using the linear method, SVD is applied to the posture matrix J and 13 (D ¼ 13Þ singular values are obtained. Postural Synergy Synthesis using Linear and Nonlinear Methods
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The thirteen-dimensional hand posture space is then reduced to the two-dimensional synergy space by neglecting the singular values m (m ! 3Þ, as shown in Eq. (3). This approximation is acceptable as long as the biggest two singular values are substantially larger than the others. When a posture matrix J 1 is formed using the 15 hand postures from the Set-1, all the singular values can be obtained and they are plotted in Fig. 3(a) . The biggest two singular values are 167.02 and 126.80, whereas the third biggest singular value is only 58.80. The variance ratio , which is de¯ned as the ratio of the squared sum of thē rst two singular values over the squared sum of all the singular values as in Eq. (17), is 85.57%.
The two vectors u 1 and u 2 , which are associated with the biggest two singular values, are referred to as the postural synergies. When the synergy inputs q 1i and q 2i are varied continuously, di®erent hand postures can be generated according to Eq. (4). While the synergy inputs are varied, none of the hand joint angles should exceed the joint limits as listed in Table 1 . For the synergy pair u 1 and u 2 generated from J 1 , an actuation zone (AZ-1) could be found by enumerating the synergy inputs and examining whether a generated hand posture violates the hand joint limits, as shown in Fig. 3(b) . Using the postural synergies (u 1 and u 2 Þ extracted from J 1 , the hand postures in the Set-1 could be reproduced and the corresponding synergy inputs (q 1i and q 2i Þ are designated in Fig. 3(b) . The errors associated with the reproduced posturesj i can be quanti¯ed according to Eq. (5). An overall hand reconstruction error, which is dened as in Eq. (18), is 21.10 .
Then the posture matrix J 2 is formed by expanding J 1 with the six hand postures from the Set-2. The singular values are obtained and they are also plotted in Fig. 3(a) . The biggest two singular values are now 187.36 and 141.43, whereas the synergy ratio decreases to 72.29%. With the new posture matrix J 2 , a new synergy pair could be found and a new actuation zone (AZ-2) could be generated and overlaid in Fig. 3(b) . Utilizing the new synergy pair, the 21 hand postures (15 from the Set-1 and six from the Set-2) can be reconstructed and the corresponding synergy inputs (q 1i and q 2i Þ are also designated in Fig. 3(b) . Under these synergy inputs, the overall hand reconstruction error is now increased to 29.80 . When J 2 is further expanded with the 10 hand postures from the Set-3 to form the posture matrix J 3 , among the singular values plotted in Fig. 3(a) , the biggest two singular values are now 338.46 and 239.74 and the synergy ratio further decreases to 65.65%. With the updated synergy pair extracted from the posture matrix J 3 , an updated actuation zone (AZ-3) is overlaid in Fig. 3(b) . To be noted, now the AZ-3 does not include all the hand postures. Many postures in the Set-3, whose joint angles are at the joint limits, lead to the points in the synergy plane outside the AZ-3. Then an optimization could be formulated as in Eq. (19) for the calculation of the synergy inputs (q 1i and q 2i ) so that the reconstruction errors are to be minimized. These new points are designated as Set-3 0 in Fig. 3(b) . Counting all the points within the AZ-3, the overall hand reconstruction error is now further increased to 66.00 .
It can be clearly seen from the results above that the¯rst two singular values become less dominant for more dissimilar hand postures and the posture reconstruction errors are increased. As shown in Fig. 3(c) , the reproduced hand postures for the cup grasping (using synergies from J 1 , J 2 and J 3 ) deviate more and more severely from the original posture as shown in Fig. 2(b) . The choice of the cup grasp is only for example. The same tend was also observed for other grasp postures. The norm of the hand reconstruction error jjj err i jj is 8.99 , 31.01 and 48.02 , respectively. It is obvious that the linear method becomes particularly ine®ective to handle distinct hand postures.
These results are also summarized in Table 2 . On the other hand, the nonlinear synergy synthesis constructs a mapping between the hand posture space and the latent space. Intrinsic structure of this mapping would vary with respect to the level of the hand posture dissimilarity. Such a method is hence ideal for the handling of distinct hand postures.
The latent space for the nonlinear synergy synthesis shown in Fig. 4 heavily depends on the observed data (the measured postures). Ideally, more hand postures shall be recorded for the synthesis. In order to keep the comparison consistent, the nonlinear synthesis still primarily uses the hand postures from the Set-1, Set-2 and Set-3. To increase the number of the hand postures, interpolation between these hand postures are included. The reason for this interpolation is as follows: The interpolated hand postures are all within the hand motion capability, since 13 motors drive this hand. Hence the likelihood of achieving these postures should be high. If the interpolated postures are excluded, it will lead to deviated results in the likelihood optimization for pðJ $ Þ from Eq. (9) . Only with the interpolated postures, the latent space in Fig. 4 properly indicates the hand motion capabilities from the collected posture sets.
While synthesizing the nonlinear synergy for the Set-1, any two hand postures are interpolated to generate three more hand postures for the synthesis according to 9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43 K. Xu et al.
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Eq. (20) . Then, the total number of the hand postures are increased to C 2 15 Â 3 þ 15 ¼ 330.
Using these postures, the latent space could be plotted as in Fig. 4(a) with the original 15 postures in the Set-1 designated. The latent place does not have an explicit physical meaning. Hence the axes are not marked with a unit. The postures could now be reconstructed according to Eq. (13) and the overall hand reconstruction error de¯ned as in Eq. (18) is 10.12 . For the calculation of the overall hand reconstruction error, the interpolated postures are excluded. When the hand postures in the Set-2 are included, the synthesis could be carried out similarly. The same interpolation technique was applied and the total number of the hand postures are increased to C 2 21 Â 3 þ 21 ¼ 651. Using these postures, the latent space could be plotted as in Fig. 4(b) with the original postures in the Set-1 and Set-2 designated. The overall hand reconstruction error is now 13.76 .
When the hand postures in the Set-3 are further included, the total number of the hand postures are increased to C Compared to the results from the linear synthesis, the overall hand reconstruction error is reduced by 52.04%, 53.83% and 73.77%, respectively.
As shown in Fig. 4 , the hand postures for the cup grasping now deviate less from the original posture as shown in Fig. 2(b) . The norm of the hand reconstruction error jjj err i jj is only 2.75 , 4.85 and 27.63 , respectively. These results are also summarized in Table 2 . The essential reason for these improvements is that the intrinsic structure of this GPLVM nonlinear mapping would vary with respect to the level of the hand posture dissimilarity. The latent space is expanded from the one in Fig. 4(a) to the one in Fig. 4(c) when more dissimilar hand postures are included. On the contrary, the ranges of the actuation zones generated during the linear synthesis remain relatively similar as shown in Fig. 3(b) . When the hand postures become more dissimilar, this linear synthesis becomes less capable in reproducing the hand postures.
Reproduction of hand postures
The results obtained in Sec. 4.1 are further veri¯ed in this section on the actual prosthetic hand from Fig. 2(a) .
As elaborated in Sec. 2, a desktop PC is used to generate the actuator trajectories and the trajectories are sent to the control workstation via UDP to drive the hand.
To reproduce a hand posture (e.g., the cup-grasping posture) via the linear postural synergies, the corresponding synergy inputs (q 1i and q 2i Þ are used to calculate the hand posture according to Eq. (4). Then, the joint trajectories are generated by linearly interpolating the joint angles between the target posture and the current 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43 posture so that the hand postures could be smoothly changed. Each joint of the hand would follow the trajectories to form the target hand posture under the control of the servo system described in Sec. 2.
The posture reconstruction via nonlinear postural synergies is very similar except that the calculation of the target posture should refer to Eq. (13) instead.
The prosthetic hand was commanded to pose for (i) the cup-grasping posture, (ii) the ball-rotating posture P12 and (iii) the gesture for two as shown in Fig. 5 ngertips. The pointing tool was inserted into these holes one after another. The tip position and orientation of the pointing tool were read using the optical tracker. Then, the positions and orientations of the¯ngertips were identi¯ed using those of the pointing tool. The desired hand postures could be obtained from the realized synergies and the kinematic parameters of the hand. The actual (spherical¯ngertips) and the desired (cylindrical¯ngertips) are visualized in Fig. 5 accordingly. View angles of these plots are set so for the consistency with the hand photos. The green cylindrical¯ngertips are for the actual hand postures reproduced using the linear synergies, while the blue cylindrical ones are for those reproduced using the nonlinear synergies.
For the hand postures reproduced using the linear synergies, the position errors range from 4.80 mm to 78.24 mm and the orientation errors range from 6.88 to 94.59 . The average position error is 26.29 mm while the average orientation error is 36.37 .
For the hand postures reproduced using the nonlinear synergies, the position errors range from 3.26 mm to 34.89 mm and the orientation errors range from 2.74 to 13.56 . The average position error is 9.14 mm while the average orientation error is 7.83 . The average position error is reduced by 65.23% and the average orientation error is reduced by 78.47% while compared to the posture reproduction results using the linear synergies.
Two aspects mainly contribute to these errors: (i) the errors introduced by the synergies and (ii) the errors stemmed from the manufacturing tolerances, assembly errors and backlashes in the mechanical structures of the hand. Since the same hand was used while the linear synergies led to bigger errors, the experiments con¯rmed that the nonlinear synergies worked better in reproducing a wide spectrum of distinct hand postures.
To be noted, the experiments shown in Fig. 5 only describe whether a hand posture could be reproduced to a certain level of precision using the linear or the nonlinear synergies. Since the hand is not equipped with tactile sensors on the¯nger tips, it is not trivial to tell whether a form-closed or a force-closed grasp could be established. Grasping capabilities of these postures are investigated in the next section.
Grasping of daily-life objects
The quanti¯cation of the posture errors in Sec. 4.2 is not equivalent to an evaluation of the grasping capabilities of the prosthetic hand that deploys linear or nonlinear 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43 postural synergies. Another set of experiments were hence carried out to examine the hand's grasping capabilities.
The 15 grasping postures of the daily-life objects from Set-1 were¯rst reproduced. The synergy inputs (q 1i and q 2i ) were used to calculate the hand postures according to Eqs. (4) or (13) for the linear and the nonlinear postural synergies, respectively. The linear synergies are obtained based on the posture matrix J 3 , while the nonlinear synergies are from Fig. 4(c) . The control system drove the prosthetic hand to the reproduced postures.
Then, the synergy inputs were slightly adjusted around the original values to change the hand postures around the reproduced ones. The adjusted hand postures were examined to verify whether the daily-life objects could be grasped. Some of the reproduced and adjusted hand postures are shown in Fig. 6 .
The adjustments (or optimization) of the inputs to the linear postural synergies for achieving stable grasps were investigated through analytical formulation in a milestone work. 29 A similar analytical investigation for the nonlinear postural synergies is also possible but out of the scope of this study. In this experiment, the adjustments of the synergy inputs were performed by a human operator, while the grasps were validated on the actual objects. It is similar to the scenario where an amputee tries to use this prosthetic hand for grasps. As shown in Fig. 6(a) , the reproduced grasp for the cup implementing the linear postural synergies could not be adjusted to achieve a proper grasp. On the other hand, the cup could be grasped by adjusting the synergy inputs to the nonlinear postural synergies. Similar results were obtained for the credit card grasp as shown in Fig. 6(c) . Although adjustments of the inputs to both the linear and the nonlinear postural synergies led to grasps of the box in Fig. 2(b) , less adjustment was performed for the case of the nonlinear postural synergies, as shown in Fig. 6(b) .
The adjustments are summarized in Table 3 . The grasps for (i) the cup, (ii) the coca can, (iii) the pen and (iv) the credit card cannot be formed no matter how the synergy inputs were adjusted, if the linear postural synergies were used. For other objects, adjustments in the synergy inputs led to acceptable grasps. Since the synergy inputs for the linear and nonlinear cases have di®erent interpretations, the normalized variation was de¯ned to quantify the adjustments. It is de¯ned as the ratio of the norm of the adjusted inputs (Áq 1i and Áq 2i Þ over a characteristic length. The characteristic lengths for the linear and the nonlinear cases are the diagonal lengths of the plotting areas of Figs. 3(b) and 4(c), respectively. Then, the adjustment comparison ratio is de¯ned as the ratio of the normalized variation of the nonlinear case over the linear case. From Table 3 , the average of the adjustment comparison ratio is 40.01%, excluding the four cases where the linear postural synergies could not be used to form feasible grasps. This indicates that only two-¯fth of the adjustments are needed to form a proper grasp with the nonlinear postural synergies, if the grasps can be formed at all.
To be noted, the failed grasps in Fig. 6 are due to the use of the particular linear synergies extracted the posture matrix J 3 . If the linear synergies are subject to further optimizations, it is still possible to achieve proper grasps of these objects.
Conclusion
This paper presents a comparative study for postural synergy synthesis using a PCAbased linear method and a GPLVM-based nonlinear method.
Upon the construction of a 13-DoF anthropomorphic prosthetic hand and the collection of a comprehensive set of hand postures, implementations of the linear and nonlinear postural synergy syntheses are elaborated.
Inputs to the linear synergies could be interpreted as the coe±cients while combining the synergies. Bio-signals (e.g., EMG) from an amputee could be directly used as the inputs. Although the synthesized nonlinear postural synergies no longer have explicit forms and the inputs do not have explicit physical meanings neither, it is still attainable to map two channels of bio-signals to the thirteen-dimensional hand posture via the synthesized nonlinear synergies.
In the numerical simulations, all the hand postures were reconstructed using the linear and the nonlinear synergies according to the corresponding synergy inputs. The overall hand reconstruction error using the nonlinear synergies is reduced by up to 73.77% for di®erent posture sets, while compared to the posture reproduction results using the linear synergies.
The superiority of the nonlinear synergies was further con¯rmed by the experimental validations on the actual prosthetic hand. The average¯ngertip position error is reduced by 65.23% and the average orientation error is reduced by 78.47%, while using the nonlinear synergies. When the postures only include daily-object grasps, although the linear synergies lead to acceptable results, the advantage of the nonlinear synergies is already obvious since the posture reconstruction error is 10.12 versus 21.10 . When the postures become more dissimilar, only the nonlinear synthesis could manage to generate acceptable results. What is more, an amputee could adjust the hand postures to achieve proper grasps of daily-life objects more easily when the nonlinear postural synergies are used. The adjustment is 40.01% of the case of the linear postural synergies.
The presented results revealed the potentials of nonlinear postural synergies. It is suggested that the use of nonlinear postural synergies should be considered while applying a multi-DoF dexterous robotic hand as prosthesis. Although the implementation of nonlinear synergies is somehow complicated, it makes full use of the computational power of a modern controller and could drive a multi-DoF hand to reproduce versatile hand postures more precisely via only two channels of bio-signals. 8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42 
